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1	Introduction
This contribution provides our view on RRM measurement prediction according to the following objective in SID [1].
	Study and evaluate potential benefits and gains of AI/ML aided mobility for network triggered L3-based handover, considering the following aspects:
· AI/ML based RRM measurement and event prediction, 
· Cell-level measurement prediction including intra and inter-fr Requency (UE sided and NW sided model) [RAN2]
· Inter-cell Beam-level measurement prediction for L3 Mobility (UE sided and NW sided model) [RAN2]


2	Discussion
The RRM measurement prediction is mainly to control UE’s mobility in proactive manner. The prediction results can be used to prevent the unintended events (e.g., RLF due to too late HO) that seem inevitable with the legacy HO mechanism. For instance, if NW predicts future RSRP values of serving/neighbouring cells, it can prepare the HO procedure in advance and command UE to handover to the proper target cell in time. 
In the last RAN2 meeting, some agreements were made for RRM measurement prediction. In this contribution, we continue to discuss each aspect of RRM measurement prediction. 
2.1 Overall scenario of RRM measurement prediction
According to SID [1], we can consider the cases of using either UE-sided model or NW-sided model for RRM measurement prediction as described in the figure 1 below. For the UE-sided model case, the AI/ML model inference will be performed by the UE. In this case, the input data of AI/ML model can be transparent to the NW, while the output of model (e.g., predicted RSRP of future time instances) needs to be reported from the UE to the NW. Meanwhile, for the NW-sided model case, the AI/ML model inference will be performed by the NW. Then, the output data of AI/ML model can be transparent to the UE, but the input data of model (e.g., historical RSRP measurement results) should be provided by the UE to the NW. Since the input/output of RRM prediction model need to be reported from UE to NW, there can be some stage-3 spec. impact depending on what input/output information is assumed for RRM measurement prediction. In other words, RAN2 need to discuss whether the input/output information will require different format from existing measurement reporting. 


[image: ]
Figure 1. Scenario of RRM measurement prediction.
Observation. 1: For RRM measurement prediction, the input/output of RRM measurement prediction needs to be reported from UE to NW.
Observation. 2: There can be some stage-3 spec. impact depending on what input/output information is assumed for RRM measurement prediction.
Based on the discussion above, we would like to propose the following.
Proposal. 1: RAN2 to continue the discussion on the baseline input/output of RRM measurement prediction to check whether the input/output information will require different format from existing measurement reporting. 

2.2 Use of Cluster approach
For the RRM measurement result prediction, we can consider two different approaches as in the figure 2 below. 
· For Approach 1 (1-to-1 approach):
· The model input is the measurement results for a single cell B
· The model output is the prediction results for a single cell A
· For temporal domain prediction: Cell A = Cell B
· For spatial/frequency domain prediction: Cell A  Cell B

· For Approach 2 (N-to-K approach, aka Cluster approach)
· The model input is the measurement results for SET B of N cells 
· The model output is the prediction results for SET A of K cells
· For general temporal domain prediction: SET A  SET B (1<= K<=N) or 
For pure temporal domain prediction: SET A = SET B (1<=K=N) 
· For spatial/frequency domain prediction: SET A  SET B
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Figure 2. Two different approaches for RRM measurement prediction
The main difference between the two approaches is whether the input/output of the prediction model is for one cell or multiple cells, but Approach 2 actually includes Approach 1 (i.e., Approach 1 can be one of the cases of Approach 2 where N=K=1). Thus, we can discuss more general forms of the RRM measurement prediction model with Approach 2. 
Moreover, we think it is beneficial to use Approach 2 (cluster approaches) for RRM measurement prediction considering the following aspects:
· Location information of UE
· In Approach 2, the measurement results for multiple N cells are provided as input of the model, which can implicitly provide the information on UE’s location (like footprint) to the prediction model. The location information can be useful for RRM prediction.
· Diversity gain from multiple cell measurement
· In Approach 1, the measurement results for one cell may not be enough for stable prediction. For example, when the measurement results for the input cell B suddenly changes due to a random blocking obstacle, it can lead to sudden change in the prediction results for the output cell A even though the event does not really affect the channel condition for the cell A. With Approach 2, we can avoid that kind of unstable prediction by having diversity gain from multiple cell measurement.
· # of models needed for prediction
· For the approach 1, a separate model is required for all potential input/output cell combinations. For instance, when the UE can measure N cells at the current serving cell area, it needs to maintain up to N^2 models considering the spatial domain prediction case. On the other hand, for the approach 2, one unified model can be used for all potential input/output cell combinations at a certain cell area.
Based on the observations above, we would like to propose the following.
Proposal. 2: RAN2 to consider the following two approaches for RRM measurement prediction.
· For Approach 1 (1-to-1 approach):
· The model input is the measurement results for a single cell B
· The model output is the prediction results for a single cell A
· For temporal domain prediction: Cell A = Cell B
· For spatial/frequency domain prediction: Cell A  Cell B

· For Approach 2 (N-to-K approach, aka Cluster approach)
· The model input is the measurement results for SET B of N cells 
· The model output is the prediction results for SET A of K cells
· For general temporal domain prediction: SET A  SET B (1<= K<=N) or 
For pure temporal domain prediction: SET A = SET B (1<=K=N) 
· For spatial/frequency domain prediction: SET A  SET B

2.3 Use of L1 raw measurement results for RRM prediction
In RRM measurement prediction, the measurement/prediction result for model input/output can be L3-RSRP/RSRQ/SINR per cell (for cell-level prediction) or per beam (for beam-level prediction). Here, we consider the L3-filtered values as baseline because they are already used in legacy L3 RRM measurement reporting. On the other hand, since L3-filtered RSRP is kind of moving average of L1-fitered RSRP, it could be beneficial to use L1-fitered RSRP directly to avoid the unnecessary delay from the L3 filtering with better or same prediction accuracy. In that sense, we are open to study potential use of L1-filtered results for the prediction. Note that NW can configure UE to report L1-filtered results without L3 filtering by setting the filtering coefficient k as ‘0’ already in the legacy L3 RRM measurement reporting.
However, for raw L1 beam level measurement, we can not see the motivation of using it. The following figure 3 shows the channel variation of a UE with 1) L1 raw RSRP, 2) L1 filtered RSRP, 3) L3 filtered RSRP from our simulation. For the L1 filtered RSRP, 10 samples of L1 raw RSRP are averaged. For the L3 filtering, the filter coefficient k is set to ‘4’ (i.e., a = 0.5). In the figure, the L1 and L3 filtered RSRP show almost same results while L1 filtered results reflect the channel variation of the UE more quickly than L3 filtered RSRP. Thus, we can consider both L1 and L3 filtered measurement results for RRM prediction. On the other hand, for L1 raw RSRP, it almost seems like ‘L1 filtered RSRP + Noise’. Thus, we are not sure whether the raw L1 measurement can be helpful to predict the RRM measurement with higher accuracy. If this is true, the use of raw L1 results will just make the AI/ML model learn the noise cancelling function with an unnecessary increase in model size. 
           
Figure 3. Example of RSRP measurement with different filtering methods
Observation. 3: The L1 filtered results show almost same results with L3 filtered results while reflecting the channel variation of the UE more quickly. 
Observation. 4: The raw L1 measurement results seems like ‘L1 filtered result + Noise’. If this is true, the use of raw L1 results will just make the AI/ML model learn the noise cancelling function leading an unnecessary increase in model size.
Moreover, if we assume the use of the raw L1 measurement results as input data for the AI/ML model, the UE needs to report the raw L1 measurement results to gNB, which is not supported in the legacy operation. 
Based on the discussion above, we would like to propose the following
Proposal. 3: RAN2 to exclude the use of raw L1 measurement results for RRM measurement prediction unless the benefits of using it have been shown by evaluation results. 
2.4 RSRP/RSRQ/SINR
In the legacy RRM measurement reporting, the UE can report three types of measurement results (i.e., RSRP/RSRQ/SINR) to gNB and thus we can consider them for input/output of AI/ML model for RRM prediction.
For RSRP, it represents the average power received from a single Resource Element allocated to the signal (e.g., Secondary Synchronization Signal for SS-RSRP) from the target cell. 
The RSRQ is defined as RSRP/(RSSI/N) where the RSSI represents the total received power from all sources including interference and noise, and N is the number of Resource Block across which the RSSI is measured. 
The SINR represents the ratio of the wanted signal power to the interference plus noise power. Both the wanted signal power and the interference plus noise power are measured from resource elements used by the signal (e.g., Secondary Synchronization Signal for SS-RSRP) from the target cell.
In the case of RSRP, the measurement results depend mainly on the signal paths to the target cell (mainly determined by UE’s location). Thus, we can expect the AI/ML model to learn the spatial consistency for the RSRP prediction. On the other hand, the RSRQ and SINR measurement results are affected not only by the signal paths to the target cell but also by the interference from other neighboring cells. Therefore, they can change suddenly/randomly depending on the traffic load at the neighbor cells, which makes it seems impractical to predict the RSRQ/SINR unless the information on traffic load pattern of neighbor cells is given as input data to the AI/ML model. 
Observation. 5: The RSRQ/SINR measurement results are affected not only by the signal paths to the target cell but also by the interference from other neighboring cells. 
Observation. 6: It seems impractical to predict the RSRQ/SINR measurement results unless the information on traffic load pattern of neighbor cells is given as input data to the AI/ML model.
Proposal. 4: RAN2 to consider RSRP measurement result for the baseline input/output of the RRM measurement result prediction. 

2.5 Baseline input/output for pure temporal domain prediction
At the last RAN2 meeting, it is agreed that RAN2 will consider pure temporal domain measurement prediction as a baseline. Thus, in this section, we discuss the baseline input/output of the pure temporal prediction model.
For RRM measurement prediction model, as in other general cases of future prediction, the input can be historical information in past and the output can be the predicted information in future. More specifically, the RRM measurement results of Mt (Mt>1) latest measurement instances can be the input and the predicted result of Pt (Pt>=1) future time instances can be the output for the measurement prediction model as in the figure 1 below. Please, note that this is similar to BM-Case2 (temporal beam prediction) in R18 AI/ML for AIR SI. Figure 4. Example of RRM measurement prediction

At the last RAN2 meeting, the following three cases are agreed for cell level measurement prediction:
· Case 1: To predict beam level results, then generate cell level results based on the predicted beam results.
· Case 2: To directly predict cell level results based on cell level results.
· Case 3: To directly predict cell level results based on beam level results
The measurement/prediction result at each time instance can be different per each case. For the case 1, the input can be measured L1-RSRP per beam and the output can be predicted L1-RSRP per beam as in the BM use case in AI/ML for air SI. For the case 2, the input can be measured L3-RSRP per cell and the output can be predicted L3-RSRP per cell. Here, we consider the L3-RSRP as baseline because they are already used in legacy L3 RRM measurement reporting. However, we are open to study potential use of L1-RSRP values at least for the input data of the prediction because it can reflect the channel variation of the UE more quickly than L3-RSRP. Lastly, for the case 3, the input can be measured L1-RSRP per beam and the output can be predicted L3-RSRP per cell.
Another aspect we need to consider is the scenario of multiple cell measurement. In general, the UE is configured to perform RRM measurements on multiple cells including serving cell and/or neighbor cells. In that sense, the input of the model can be the historical measurement results for SET B of N cells and the output of the model can be the predicted measurement results for SET A of K cells as in Approach 2 in the figure 2 above.
Regarding the K cells for output, when the value of K equals to the value of N, the K cells for output can be the same N cells for input. Meanwhile, when the value of K is smaller than that of N, we think the K cells can be either Top-K cells or the K cells configured by NW. However, it seems unclear to us what the definition of Top-K cells can be in RRM measurement prediction. Thus, we can postpone the discussion on how to determine the K cells for now. For the pure temporal domain prediction, we can assume that the K cells for output are the same as the N cells for input.
Based on the discussion above, we would like to propose the following for baseline input/output of pure time domain RRM measurement prediction model.
Proposal 5. For pure temporal domain RRM prediction, the measurement results of Mt (Mt>1) latest measurement instances for N (>=1) Cells (either serving or neighbor) are used for AI/ML model input. The # of time instance (Mt) and the # of cells (N) are up to companies for evaluation.
Proposal 6. For pure temporal domain RRM prediction, AI/ML model output are the prediction results of Pt (>=1) future time instances for K(=N) cells (K cells are the same as N cell for input ). The # of time instance (Pt) and the # of cells (K) are up to companies for evaluation. 
Proposal 7. For input/output of temporal domain prediction model, the measurement/prediction result at each time instance can be assumed as below.
	Prediction cases
	Measurement result for input
	Prediction result for output

	Cell-level (Case 1) 
	L1-RSRP per beam
	L1-RSRP per beam

	Cell-level (Case 2)
	L1/L3-RSRP per cell
	L3-RSRP per cell

	Cell-level (Case 3)
	L1-RSRP per beam
	L3-RSRP per cell

	Beam-level
	L1-RSRP per beam
	L1-RSRP per beam



In addition to the baseline input mentioned above, we can consider other additional information as input of AI/ML model. For example, UE’s location may be useful for improving the accuracy of AI/ML-based prediction. However, in our view, if the measurement results for multiple N cells are provided as input of the model, the input can implicitly include the information on UE’s location (like footprint). In that sense, the motivation for having additional information seems unclear to us for now, but we are open to discuss based on the evaluation results later.
3	Conclusion
Based on the above, RAN2 is requested to discuss and agree on the following proposals:
Overall Scenario
Observation. 1: For RRM measurement prediction, the input/output of RRM measurement prediction needs to be reported from UE to NW.
Observation. 2: There can be some stage-3 spec. impact depending on what input/output information is assumed for RRM measurement prediction.
Proposal. 1: RAN2 to continue the discussion on the baseline input/output of RRM measurement prediction to check whether the input/output information will require different format from existing measurement reporting.

Use of Cluster approach
Proposal. 2: RAN2 to consider the following two approaches for RRM measurement prediction.
· For Approach 1 (1-to-1 approach):
· The model input is the measurement results for a single cell B
· The model output is the prediction results for a single cell A
· For temporal domain prediction: Cell A = Cell B
· For spatial/frequency domain prediction: Cell A  Cell B

· For Approach 2 (N-to-K approach, aka Cluster approach)
· The model input is the measurement results for SET B of N cells 
· The model output is the prediction results for SET A of K cells
· For general temporal domain prediction: SET A  SET B (1<= K<=N) or 
For pure temporal domain prediction: SET A = SET B (1<=K=N) 
· For spatial/frequency domain prediction: SET A  SET B

Use of L1 raw measurement result
Observation. 3: The L1 filtered results show almost same results with L3 filtered results while reflecting the channel variation of the UE more quickly. 
Observation. 4: The raw L1 measurement results seems like ‘L1 filtered result + Noise’. If this is true, the use of raw L1 results will just make the AI/ML model learn the noise cancelling function leading an unnecessary increase in model size.
Proposal. 3: RAN2 to exclude the use of raw L1 measurement results for RRM measurement prediction unless the benefits of using it have been shown by evaluation results. 

RSRP/RSRQ/SINR
Observation. 5: The RSRQ/SINR measurement results are affected not only by the signal paths to the target cell but also by the interference from other neighboring cells. 
Observation. 6: It seems impractical to predict the RSRQ/SINR measurement results unless the information on traffic load pattern of neighbor cells is given as input data to the AI/ML model.
Proposal. 4: RAN2 to consider RSRP measurement result for the baseline input/output of the RRM measurement result prediction. 

Baseline input/output for temporal domain prediction
Proposal 5. For pure temporal domain RRM prediction, the measurement results of Mt (Mt>1) latest measurement instances for N (>=1) Cells (either serving or neighbor) are used for AI/ML model input. The # of time instance (Mt) and the # of cells (N) are up to companies for evaluation.
Proposal 6. For pure temporal domain RRM prediction, AI/ML model output are the prediction results of Pt (>=1) future time instances for K(=N) cells (K cells are the same as N cell for input ). The # of time instance (Pt) and the # of cells (K) are up to companies for evaluation. 
Proposal 7. For input/output of temporal domain prediction model, the measurement/prediction result at each time instance can be assumed as below.
	Prediction cases
	Measurement result for input
	Prediction result for output

	Cell-level (Case 1) 
	L1-RSRP per beam
	L1-RSRP per beam

	Cell-level (Case 2)
	L1/L3-RSRP per cell
	L3-RSRP per cell

	Cell-level (Case 3)
	L1-RSRP per beam
	L3-RSRP per cell

	Beam-level
	L1-RSRP per beam
	L1-RSRP per beam



4	Reference
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image1.png
Inference

[111]

d
]

UE

<

UE-sided model case

Configuration for
measurement prediction/report

Report of predicted
measurement
(i.e., output of Al/ML model)

gNB

NW-sided model case

X X Inference
Configuration for

LS
Al/ML specific measurement o

(111]

d
-

UE

Report of historical
measurement gNB
(i.e., input of Al/ML model)




image2.png
Channel measurement
associated with:

CellB

Channel prediction
associated with:

Al/ML
model

CellA

Approach1 (1-to-1approach)

Channel measurement
associated with:

Channel prediction
associated with:

SetBofN cells

—
—

B —

Al/ML
model

SetAofKcells

—

Approach 2 (N-to-Kapproach)




image3.png
RSRP [dB]

Cell ID #1





image4.png
Mt measlurement Pt pretl:liction
I

BEEREEEE R

Time





image5.png
Mt measlurement Pt pretl:liction
I

BEEREEEE R

Time





